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Abstract: A Fuzzy approach to backward movement control for truck and trailer in a dynamic
environment is presented in this paper. The approach is then extended and employed for conditions
where obstacles are placed on the truck and trailer pathway. In the first case, obstacles are assumed to
be fixed, while the second condition includes moving obstacles through which the truck and trailer
should be directed toward the parking dock. The method is designed in a way to be used in conditions
with infinite number of obstacles at arbitrary places. In any case, to find the parking dock, the truck and
trailer movement must be adapted to that of obstacles. In the present paper, two separate fuzzy
controllers are used for directing the truck and trailer: one for finding the target, and the other for
avoiding the obstacles. While there is no obstacle around, the target finder controller is in use; and in
the cases where the truck and trailer gets close to obstacles the obstacle avoider controller is activated.
The proposed method is employed for parking a truck and trailer model through fixed and moving
obstacles.

Key words: Fuzzy Control - Avoiding Obstacles Truck and trailer Parking - Routing - Fixed and
Moving Obstacles.

INTRODUCTION

In 1990, Nguyen and Widrow applied a self-learning neural network to the truck backer-upper problem. The
latter has become an acknowledged benchmark in non-linear control since and numerous other techniques have
been ftried, including genetic programming (Koza, 1992) neurogenetics (Schoenauer and Ronald, 1999),
simplified neural network solution through problem decomposition (Jenkins and Yuhas, 1993), etc.l.
Computational overhead is usually very high in such applications, e.g. in (Kong and Kosko, 1990) it is shown that
about 20000 of back-up cycles are needed before neural network learns and even then, the back propagation
algorithm may not converge for some sets of training samples.

A simplified version of the control problem (consisting of the cab part only), on the other hand, has been
heavily exploited in the field of fuzzy control (Wang and Mendel, 1992; Ramamoorthy and Huang, 1991; Shann
and Fu, 1995; Ismail and Abu-Khousa, 1996; Kim, 1998; Kong and Kosko, 1992; Dumitrache and Katalin, 1999;
Su and Chang, 2000). Apparently, it seems to be one of these cases where the traditional application area of fuzzy
logic - knowledge-based control - would be an appropriate solution. Ability to drive a car is a very common skill
among people thus it should not be too difficult to find an expert whose verbal instructions would then constitute
the core of the control system. Car driving skill, however, is usually learned to a degree where it rarely intrudes
on consciousness (the occasions when it does are unusual circumstances like a potential accident or a situation the
driver is not used to (i.e. he/she has not yet learnt it). Consequently, it is difficult to extract appropriate rules from
the expert because of one’s inability to explain how the action behind the steering wheel is exactly related to car
positioning and further difficulties in putting it down in terms of fuzzy logic. The design of knowledge based
controller therefore becomes much more difficult than was assumed in the first place. Though the computational
load is low, controller design procedure is ill-defined and plagued with the curse of dimensionality that often
leads to subpar performance.

In [15] is shown how the decomposition of the control problem can make controller design very natural and
substantially simplify expert knowledge acquisition. In the decomposed view we focus on information
concerning car optimal orientation in two-dimensional space (much easier to explain and understand than the
minute actions on the steering wheel), which ultimately leads to the efficient solution of the problem. The
decomposition principle, according to [16], also helps to tackle the truck and trailer problem.

Problem Definition:
Designing an optimal pathway for backward movement of a truck and trailer through a number of fixed and
moving obstacles is among most complicated problems in engineering. Factors such as type, shape, and rate of
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movement as well as time limitations for achieving the target dock may introduce further complication into the
problem.

Backward movement of a truck and trailer on a dock is a nonlinear control problem. Using the conventional
control methods, a mathematical model for the system can be obtained, and then nonlinear control theory may be
employed to design of the controller. An alternative to this is to design a controller which simulates human
behavior. The latter is used in the present paper. We assume that an experience truck and trailer driver is
available; in addition, we can measure different positions of the truck and trailer and corresponding driver’s
actions to move the truck and trailer backward. Figure 1 shows the truck and trailer and the loading (parking)
dock.
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Fig. 1: A schematic of the truck and trailer and parking dock; the position of the truck and trailer is determined
by the three state variables x, y, and ¢.

y

Fig. 2: State variables involved in intelligent backward movement of the truck and trailer.

For truck:

6: the angle formed between wheels direction and horizontal axis.
. the angle formed between the truck direction and vertical axis.
X, y: current position.

The truck is controlled by changing 6. Only backward movement is allowed here. In each step, the truck
moves backward with a constant change in position.

We assume that a sufficient space is present between the truck and parking spot, and therefore, the vertical
position y is not required as a state variable for our purpose. The objective here is to design a controlled with (x,

@) as input and as € output in order to move the truck to the final state as (x; ¢)=(50, 90°). Furthermore, we
assume that:

x €[0,100], €[-90°,270°],6 € [-40°,40°]
which means:

V =[-40",40"] , U =[0,100]x[-90",270°]
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Problem Constraints:
The truck has a constant velocity of V.
The length of the truck is L.

[ >
B3 »

Fig. 3: Constraints of the truck parking problem.
In order to simulate the control system, we have to obtain the mathematical model for the truck. Here, we use
the following approximate model (Wang and Mendel, 1992; Ramamoorthy and Huang, 1991; Shann and Fu,

1995; Ismail and Abu-Khousa, 1996; Kim, 1998; Kong and Kosko, 1992; Dumitrache and Katalin, 1999; Su and
Chang, 2000 ):

x(¢ +1) = x(#) + cos[e(r) + 6(¢)]+sin[0(1)]sin[p(1)] (1)

y(t+1) = y(2) +sinfo(z) + (1)1 - sin[0(1)] cos[¢(1)]

o(t+1) =op(t) - sinl[ 72%(160)) }
For more convenient calculations in MATLAB, we can convert the above equations into complex form:
p=x+jy

b _ V(cos H)ej[wzj )
dt

do _V sin@

dt L

The length and velocity of the truck may also be changed in the simulation program.

For trailer:

The trailer is controlled by changing 6. Only backward movement is allowed here. In each step, the trailer
moves backward with a constant change in position.

We assume that a sufficient space is present between the trailer and parking spot, and therefore, the vertical
position y is not required as a state variable for our purpose.

Fig. 4: Relationship between trailer angles.

Problem Constraints:
The trailer has a constant velocity of V.

The length of the traileris L, + L_.
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oblem.

Details of Plant

X,y Coordinates of the center rear of the trailer
State q)t Angle of trailer with x-axis
) Angle of the cab with x-axis
c
Control p2] Steering angle of the front wheels relative to cab orientation
x>0 The loading dock isat X = 0
Constraints ‘(Dz —®[<90 The angle between the cab and trailer can't exceed 90°
—-70<0<70 Limit of steering of the front wheel

A=rxcos(d)

B =A4xcos(® [1]-D,[t])

x[t +1] = x[t] — B x cos(D,[¢])
EqUatiOnS of y[t+1] :y[t]_BXSIn(q)z[t])

i . sin(@
Motion @ [t +1] = @, [1] + arcsin(—>0 ) ( ))
L +L,
. Axsin(, [1]-D,[f
D[t +1]=D,[1]- arcsm(w)
D [t+1] Is then adjusted to respect the constrainton ©, — @ _
Parameters r 3m distance front wheel moves per time step
14m length of the trailer, from rear to pivot
LS
L 6m length of the cab, from pivot to axle
c

Defining the Fuzzy Sets:

In this section, we describe how to define the fuzzy sets for the problem in MATLAB.

The fuzzy sets in this problem

Fuzzy sets for the angle ¢
0, 60, 120, 180, 240, 300,
Fuzzy sets for the angle 6

are:

(degrees)
and 360

Fuzzy sets for horizontal position of the truck:
Very right, right, middle, left, and very left

Hard right, right, soft right, straight, soft left, left, hard left.

Figures 6 through 8 show the membership functions defined in MATLAB:

FIS Variables

Uix

x output1
XX

f

Membership function plots

left

T T T T T T T
center right

farright

N
30 40 50 60 70 80 90
input variable "x"

Fig. 6: Membership functions for position of the truck.
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FIS Variables : Mer:wbership functi?n plots : : :
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X output1
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f
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input variable "f*
Fig. 7: Membership functions for the angle ¢ (degrees).
FIS Variables Membership function plots
T T T T T
——— 2 3 4 5 6
XY
—
X output1
f
0 Il Il Il Il
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output variable "output1"
Fig. 8: Membership functions for the angle 6.
Overall, 35 fuzzy rules are defined as follows:
Far Left:1 Left:2 Center:3 Right:4 Far Right:5
EEEEE
0:1 — o]
Soft Right:5 Right:6 Right:6 Hard Right:7| Hard Right:7
A N N N N
60:2
Soft Right:3 | Soft Right:5 Right: 6 Hard Right:7 | Hard Right:7
4 Y| € & | &
120: 3 S & F F
Soft Left: 3 | Soft Left: 3 Right: 6 Right: 6 Hard Right:7
180: 4
ﬁ ﬁ
Left: 2 Left: 2 Straight:4 Right: 6 Right: 6
CARAR AR
240:5 % W N W W
Hard Left:1 Left: 2 Left: 2 Soft Right:5 | Soft Right:5
2 2 2 2 2
5 8” 8” 8” &
300: 6
Hard Left:1 | Hard Left:1 Left: 2 Soft Left: 3 | Soft Left: 3
E B BB
360:7 N [
Hard Left:1 | Hard Left:1 Left: 2 Left: 2 Soft Left: 3
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Fig. 9: Fuzzy rules defined for the control problem.

The program will run until the truck is parked at the desired dock or hits the walls in which case the program
will stop running.

The 35 fuzzy rules provided here successfully generate a trajectory for truck movement from any initial state
to the final state. The followings are the output of the program for some arbitrary initial states:
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Fig. 10: Trajectories determined by fuzzy controller for different initial states (x,y,¢); a) (20,20,270); b)
(5,20,180); c) (3,10,220); d) (30,40,-10).

And for trailer:

Table 1: Fuzzy rules defined for the control problem.

D, @, x 0
NE Negative RB Right below LE Left NB Negative Big
ZR Zero RU Right Upper LC Left Center NM Negative Medium
PO positive RV Right Vertical CE Center NS Negative Small
VE Vertical RC Right Center ZE Zero
LV Left Vertical RI Right PS Positive Small
LU Left Upper PM Positive Medium
LB Left Below PB Positive Big
Figures 11 through 14 show the membership functions defined in MATLAB:
FIS Variables Membership function plots
LE LC CE RC RI
XX |
X theta
alpha
beta
0 I I I I = | I I I I
0 10 20 30 40 50 60 70 80 90 100

Fig. 11: Membership functions for position of the trailer.
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FIS Variables : l\‘Aembershlp fun‘ctlon plots ‘
RB RU RV VE LV LU LB
XX *
X theta
05 4
alpha
beta
0 = =
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input variable "alpha"

Fig. 12: Membership functions for the angle ¢ = @, (degrees).

FIS Variables ‘ I\‘/Iembershlp ‘funcuon plot‘s ‘
NE ZR PO
XX 1
X theta
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input variable "beta"
Fig. 13: Membership functions for the angle g=a .

FIS Variables ‘ ‘ Membership ‘function plots ‘

NB NM NS ZE PS PM PB

theta

e

0.5 B
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beta
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output variable "theta"

Fig. 14: Membership functions for the angle ¢.
Overall, 105 fuzzy rules are defined as follows:

Talbe 2: Fuzzy rules defined for the control problem.

‘RB RU RV VE LV LU LB

NE PS PS PS PS PS PB PB
®, _ZR PS NS NS NS NM NM NM
PO NS NS NM NM NB NB NB

| x=LE

404



Aust. J. Basic & Appl. Sci., 5(11): 398-416, 2011

RB  RU RV VE LV LU LB

NE PM PS PS PS PS PS PS

ZR PM ZE NS NM NM NB NB

PO NS NS NS NM NM NB NB

| x=LC

RB  RU RV VE LV LU LB

NE PM PM PS ZE PS PS PS

ZR PM PM PS ZE NS NM NM

PO NS NS NS ZE NS NM NM

| x=CE

RB RU RV VE LV LU LB

NE PB PB PM PM PS PS PS

ZR PB PB PM PM PS ZE NM

PO NS NS NS NS NS NS NM

| x=RC

RB . RU RV VE LV LU LB

NE PB PB PB PM PM P

S PS
ZR PM PM PM PS PS PS NS

PO NB NB NS NS NS NS NS

x=RI

405



Aust. J. Basic & Appl. Sci., 5(11): 398-416, 2011

Fig. 15: Control surfaces for the fuzzy controller.

The program will run until the trailer is parked at the desired dock or hits the walls in which case the program
will stop running.

Thel05 fuzzy rules provided here successfully generate a trajectory for trailer movement from any initial
state to the final state. The followings are the output of the program for some arbitrary initial states:
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Fig. 16: Trajectories determined by fuzzy controller for different initial states.

Design of Fuzzy Controller for Backward Movement Through Moving and Fixed Obstacles:

The procedure used to detect the obstacles is explained in this section. Suppose that two position sensors are
installed at the back of the truck as shown in the figure below. The green circles represent the field of view for
these sensors.

e Leftand right sensors are used to detect the position of obstacles relative to the truck position.
e  Figure 17 shows the procedure used for obstacle detection.

As shown in figure 17:
dcl<dc2 means the obstacle is seen at the left side if the truck by the driver, and dc1>dc2 shows an obstacle
at the right side (as seen by the driver).
The sensors are able to detect any obstacle on their field of view. In practice, sensors for distance
measurement are used for such purpose.

Fig. 17: Sensor placement and measurement of the distance and relative position for obstacles.
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The two sensors can detect the relative position of the obstacles (e.g. whether the obstacle is placed at the
right side or left side). For improving the accuracy, in fact, 8 sensors are installed on the vehicle. Figure 18 shows
the position of these sensors:

Fig. 18: Sensor positions on the truck and trailer.

In practice, only four sensors are activated in each step based on the relative position of the obstacle (e.g.
four sensors are activated for right obstacles and four for left ones).

Let us denote the sensors as follows. S;-S,: back sensors placed at right and left side, respectively; Ss-S4-Ss-
Se: sensors placed at the right and left sides of the truck; and finally, S;-Sg: sensors installed on the front of the
truck at right and left, respectively. These sensors measure the distances d; to dg, respectively.

Collision avoidance in backward driving mode works on the following principle: if an obstacle is detected
in truck’s way (either d1 or d2 is smaller than predetermined detection limit ddet), first, the turning direction
(left or right) is determined the on the basis of d1-d4 (Fig.19).

Fig. 19: Turning decision making.

Based on this decision and orientation of the obstacle (that will be identified according to rear distance
sensor readings) a temporary gate is projected onto the bounding wall in car’s turning direction (Fig. 20). Note
that presently, turning direction is chosen according to rear sensor readings only, as there are no relevant
obstacles in car side directions. Also note that the opposite turning decision would result in the temporary gate
projected onto opposite (upper) bounding wall.

; 2 r" Temporary
7 % ’rr gate
Fig. 20: Temporary driving goal.

In forward driving mode the algorithm is basically the same, only we are using sensors s5-s8 instead of s4,
s3, s2 and s1, respectively and the obstacle orientation angle 3 must be corrected by 180 degrees.
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Performance of the collision avoidance system is subject to the following parameters ddet - obstacle
detection limit dexcl - rear sensor readings larger than dexcl will be emulated by d + w, where d is the rear
sensor reading responsible for obstacle detection.

dside - determines if side sensor information will be used in turning direction determination (Fig.21).

wr - the distance by which the temporary gate is shifted from the obstacle projected line (Fig.21).

State Transition Control:

We can speak of two states in car control - normally car moves toward (xf; yf, ®f) according to the tmu-
specified profile (state 0), however, when an obstacle is detected by distance sensors, collision avoidance system
(previous section) takes over and switches the temporary gate (state 1). This temporary goal remains valid until
it is safe to return to the normal state. For overall good performance state transition control must be smooth and
effective. This is done in three steps as explained below.

oy and o = ey,

obstacle drand d, > d,
=77 detected, ]

“|car goes to
- substate || oy and d- = dy, oy ords < dy,
L 11| ds ord, < d,

transition to
substate 1.2

transition to
L | substate 1.3 |

.

‘ a4 covered 7 [ |:." and o, > d, ‘

Fig. 21: State transition diagram (backward driving mode).

©H

Truck Backward Movement Through Fixed and Moving Obstacles:

If fixed obstacles are placed at the backward pathway of the truck, the truck must adapt itself with the
constraints in order to reach the parking spot.

What happens in practical cases, however, is that moving obstacles are also present on the pathway and the
truck is required to take appropriate action while facing the obstacles whether fixed or moving.

In the automatic parking mode, the truck not only should be able to identify the environment, but also should
avoid the obstacle. In a dynamic model, moving obstacles (such as people or other objects) change the
environment. In order to follow an identified path, the truck should be equipped with some type of real time
identification of its surrounding environment in order to meet the requests received from navigation system.

An intelligent method is proposed here for navigating the truck in a dynamic environment using fuzzy logic.
Such system also enables the truck to avoid obstacles. In [17] a controller was used for finding the path through
fixed obstacles; here, two separate fuzzy controllers are used as “target finder” and “obstacle avoider” which
enable the truck to avoid moving obstacles as well. While no obstacle is close to the truck, the target finder
determines the path toward the target (parking spot). As soon as an obstacle is detected, the obstacle avoider
comes to act. In the proposed method, when an obstacle is faced (a situation which is called “emergency” here),
the high-level controller determines the path in order to avoid obstacles. When the truck is far enough from
obstacle, the control action is reduced to low level. This procedure repeats until the truck reaches the target. The
overall procedure is based on the algorithm used for fixed obstacle case; however, few changes are made in the
avoiding procedure.

Unlike other methods, in the method proposed here the single controller is replaced by two controllers at two
levels: one controller acts at high-level as the supervisor, while the other controls the system at low level. In
normal case, the low-level control generates the command signal and the supervisor has no role in the control
process. However, the latter is activated in emergency, causing the former going back to inactive state. When the
conditions are back to the normal state, the low-level controller becomes activated and the supervisor is inactive.
Figure 22 shows the block diagram for the proposed control method.
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Here, the target finder is defined as low-level controller, while the obstacle avoider acts as high-level
controller or supervisor. As a result, when no obstacle is detected (normal conditions), the low-level controller
directs the truck toward the target.

Obstacle position Obstacle
N Avoider
\ehicle
system
Vehicle
Target position
— finder
target position

Fig. 22: Block diagram for the proposed control method.

As soon as an obstacle is detected (emergency), the obstacle avoider comes to act in order to avoid collision
with the obstacles. When the truck is far enough from obstacle, the control action is reduced to low level. This
procedure repeats until the truck reaches the target.

Constraints:
There are several constraints present in the problem facing which the truck should adopt the appropriate
decision in order to find the path toward parking spot.

Obstacle Size:

The size of obstacles on the pathway could be different:

The obstacle may be big enough to cover the whole pathway toward the target and given the initial state, it is
not possible to avoid the obstacle. In this case, the truck must be stopped.

The obstacle may be small enough to allow the truck to run it over! In this case, controller must direct the
truck to run over the obstacle.

The size of obstacle may be in a range that allows the truck to pass it by changes in the direction and to make
its way toward the parking spot.

Position of Obstacles:

The position of obstacles on the pathway is also of great importance, since the obstacles can:

Be placed on the pathway in a way that do not provide the space enough for the passage of the truck; in this
case, it is not possible to avoid the obstacles.

Be placed on the pathway in a way that allows the truck to pass through them by changing its direction and to
reach the target.

Low-Level Control:

As mentioned earlier, “target finder” is defined as low-level controller. The low-level controller is the same
as the fuzzy controller used for parking in the normal conditions.

(mamdani)
ﬂ theta

phi
Fig. 23: Fuzzy structure for low-level controller for truck.

target seeking

x

\ /

@

f

—
Iph /
e

Fig. 24: Fuzzy structure for low-level controller for trailer.
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The structure described above was studied in details.

High-Level Controller (Supervisor):

The obstacle avoider is designed based on a three-input two-output mamdani fuzzy system. The inputs are
direct distance between the truck and the nearest obstacle, the angle formed by the sensor installed on the truck
front and the nearest obstacle, and the speed of the nearest obstacle relative to the truck speed. The outputs are
rotation angle with respect to the truck axel and the truck speed. Figures 25 through 28 show the fuzzy structure,
and input and output membership functions for the high-level controller.

S~
S -7
distance Ss -
~ -
9 -
-

obstacle-avoidance
XX o

(mamdani)
obstacle-angle e

~
- Sl
-’ N
- s~
- o
-
-
-

truck-velocity
obstacle-velocity

Fi.g 25: High-level fuzzy system.

FIS Variables : ‘Membersh\p runctlon plots‘ ‘
near middle mf3
R
distance turn-angle

O G

obstacle-angle truck-velocity

obstacle-velocity

1 T 1 1 1 T 1
0 50 100 150 200 250 300 350 400
input variable "distance"

Fig. 26: The distance between the truck and the nearest obstacle.

FIS Variables : ‘Membersh\p ‘function plots‘ ‘ ‘
b r f f If | b
DO I
distance turn-angle

B X

obstacle-angle truck-velocity

obstacle-velocity
0

N N | | N | N
-200 -150 -100 -50 0 50 100 150 200
input variable "obstacle-angle”

Fig. 27: The angle formed between the truck and the nearest obstacle.

FIS Variables Membership ‘Vunchon plots ‘
- : l - -
N 1
distance turn-angle

DO 1200

obstacle-angle truck-velocity

obstacle-velocity

I I I
-15 -10 -5 5 10 15

input variable "obstacle-velocity"

Fig. 28: Relative speed of the nearest obstacle with respect to the truck.
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As shown in the figures above, membership functions are defined as follows:

Three membership functions near, middle, and far are defined for the first input to the fuzzy system (the
distance between the truck and the nearest obstacle) over the range [0 m, 6 m]

Seven membership functions right -back (¥b), right (v), right-front (rf), front (f), lefi-front (If), left (1), and left
- back (Ib) for the second input to the fuzzy system (the angle formed between the truck and the nearest obstacle),
over the range [-180°, 180°].

Four membership functions negative (n) (for the case where the truck moves away from obstacle), zero (z),
positive (p) (for the case where the truck moves toward obstacle), and very positive (vp) for the third input to the
fuzzy controller (the speed of obstacle relative to truck speed).

And for supervisor’s outputs:

FIS Variables Membership function plots

|

distance turn-angle

obstacle-angle truck-velocity

obstacle-velocity

vr r z | vl

N N N N N N N N N
-40 -30 -20 -10 0 10 20 30 40
output variable "turn-angle"

Fig. 29: The truck rotation angle.

FIS Variables Membership function plots

|

s ms m mq q
distance turn-angle

obstacle-angle truck-velocity

obstacle-velocity

| N 1 1 I | 1 N N
0 1 2 3 4 5 6 7 8 9 10
output variable "truck-velocity"

Fig. 30: Truck speed.

Five membership functions very right (vr), right (v), straight (z), left (1), and very left (vi) for the first output
from the fuzzy system (truck rotation angle) over the range [-45°, 45°]

Five membership functions slow (s), middle slow (ms), middle (m), middle quick (mq), and quick (q) for the
second output from the controller (truck speed) over the range [0 cm/s, 10 cm/s]

If the truck is far from the nearest obstacle in front of the truck (farther than 6 m), or the truck is very near to
the target (nearer than 1m), the truck will be controlled by the low-level controller. Otherwise, when the truck is
near to obstacle, the supervisor comes to act to avoid the obstacles, change the direction, and reduce the speed to
pass the obstacle. Once the obstacle is passed by, the speed increases again.

Figure 31 describes the angle and distance between the truck and the obstacle.

L)

Direction

Direction | Angel obstacle

o0 90° -of

90°

-180 180 -186 180

Fig. 31: Description of the angle and distance between the truck and the obstacle.
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Simulation and Results:

To test the proposed navigation method, simulation is performed using MATLAB in different conditions for
the position of the truck and moving and fixed obstacles. We tried to improve the truck movement through
changing or weighting the fuzzy rules.

Due to the low noise in the installed sensors in comparison to the minimum range of control inputs
(maximum of 1 to 2 cm compared to 1 m), there is no need to consider the measurement noise while modeling the
controller.

In the following lines, the movement of the truck while facing obstacles moving with constant velocity is
reviewed. The sign (*) is used to denote the movement and speed of the truck. The space between the stars
represents the changes in the truck speed.

The proposed algorithm is applied for a situation consisting of two fixed obstacles and one moving with
constant speed (however, there is no limitation on the number of fixed and moving obstacles).

The algorithm may be applied for a greater number of obstacles moving with different velocities.

As it can be seen, the fuzzy controller operates well in variety of conditions.

The following shows the program results for different conditions. Number of moving and fixed can be
increased in the simulation.

Figures 32 through 35 shows the results obtained from MATLAB simulation.

Demo | - Fixed Obstacle:

100
90
80
701
60
50
40+
30+

201

101 Start Point

Fig. 32: Truck movement through fixed obstacles with different normal sizes.

Demo 11 -Fixed and Moving Obstacle:
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Fig. 33: Truck movement through two fixed obstacles with different normal sizes and one moving obstacle.
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Demo I11-Fixed and Moving Obstacle:
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Fig. 34: Trailer movement through two fixed obstacles with different normal sizes and one moving obstacle.

Demo 1V-Moving Obstacles:

Fig. 35: Trailer movement through nine moving obstacle.

A New Approach for Parking the Truck:

In this stage, a transmission is being stated from one mode to another in different forms. So far the main
concern in solving the problem is that in designing the feasibility of the problem be in opposition with the
optimality of the answer, therefore, from now on, we focus on an answer which, as far as possible, is optimum.
Meeting the optimal conditions calls for a perfect investigation of the mode space, also involves the calculation of
constant function.

Feedback plans are very powerful in gaining the path in typical spaces, therefore optimality in feedback
plans is considered stage by stage and alternatively, but it is also important that how, and by which actions and
reactions the constant problem turns to a discrete one in the statement of the problem. Depending upon the
position of the truck, parking in a specific space in some places, is absolutely impossible.
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20 |- 20

S - R TR o R,

0 10 20 30 40 50 60 70 80 90 100 0O 10 20 30 40 50 60 70 80 90 100

Fig. 36: First it moves forward to reach the appropriate point, and then it parks.
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Considering the existing limitations in the path a crash with the walls, is inevitable. For example, in the
following picture if the truck wants a merely backward movement, with its big dimensions, it certainly cannot
be located in the desired area.

In the following the simulated output by MATLAB software could be observed.
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Fig. 37: Truck's failure in parking and its stopping by the dimensions and limitations.

In reality, locating the truck in this position does not occur much. In this mode, considering truck's
dimensions and limitations, a solution must be found to solve the problem which could be called the Blind
Point. Here the program and fuzzy rules were reformed in a way that first the truck does not regard one of its
limitations (obligatory backward movement) and moves forward to the point that it can come back to the
parking area from the new point.

Considering its dimensions and the locating angel, the truck in normal conditions cannot be placed in the
parking area, therefore to solve the problem, first it moves forward to reach the appropriate point, and then it
parks.
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Fig. 38: Considering its dimensions and the locating angel, the truck in normal conditions cannot be placed in
the parking area, therefore to solve the problem, first it moves forward to reach the appropriate point,
and then it parks.

As it could be seen from the results of the simulation, the truck first passes the path forward and after reaching
the desired area, is located in the parking (loading) point; In case this process does not occur, parking is
impossible.

In this section a fuzzy controller is also used. This controller measures its distance from the walls. If the
measured distance by the related sensor, two times exceeds the truck's length, the first controller is not used and
the operation is shifted to the second fuzzy controller. The function of the second and the third controllers were
investigated thoroughly.
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As it could be seen, in the following picture first the truck takes distance from the walls, and then passes
among the fixed obstacles.
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Filg: 39: Results obtained from MATLAB simulation.

Conclusion:

Using search table method, an appropriate fuzzy controller was designed to find a trajectory for parking a
truck on a pathway with no obstacle. Then, a number of fixed and moving obstacles were added on the path.
Based on its adaptive performance, the fuzzy controller finds an appropriate movement path through the fixed and
moving obstacles.

Simulations show a desired smooth movement of the truck. It may be suggested then that if the system inputs
are measured with small errors and applied to the fuzzy controller, the proposed method can be applied in
practice.

Appendix:
6: the angle formed between wheels direction and horizontal axis
. the angle formed between the truck direction and vertical axis
X, y: current position
V: The truck has a constant velocity of V.
L: The length of the truck is L.

@, : Angle of trailer with x-axis

@ : Angle of the cab with x-axis

x> 0: The loading dock isat x =0

@, —®,|<90: The angle between the cab and trailer can't exceed 90°
—70< 6 <70: Limit of steering of the front wheel

@,[r+1]: Is then adjusted to respect the constrainton @, — @

7 : distance front wheel moves per time step

L, : length of the trailer, from rear to pivot

L_ : length of the cab, from pivot to axI
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